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Abstract
The anatomical structure of wood is complex and contains considerable information about
its specific species, physical properties, growth environment, and other factors. While con-
ventional wood anatomy has been established by systematizing the xylem anatomical fea-
tures, which enables wood identification generally up to genus level, it is difficult to describe
all the information comprehensively. This study apply two computer vision approaches to
optical micrographs: the scale-invariant feature transform algorithm and connected-compo-
nent labelling. They extract the shape and pore size information, respectively, statistically
from the whole micrographs. Both approaches enable the efficient detection of specific fea-
tures of 18 species from the family Fagaceae. Although the methods ignore the positional
information, which is important for the conventional wood anatomy, the simple information
on the shape or size of the elements is enough to describe the species-specificity of wood.
In addition, according to the dendrograms calculated from the numerical distances of the
features, the closeness of some taxonomic groups is inconsistent with the types of porosity,
which is one of the typical classification systems for wood anatomy, but consistent with the
evolution based on molecular phylogeny; for example, ring-porous group Cerris and radial-
porous group Ilex are nested in the same cluster. We analyse which part of the wood struc-
ture gave the taxon-specific information, indicating that the latewood zone of group Cerris is
similar to the whole zone of group Ilex. Computer vision approaches provide statistical infor-
mation that uncovers new aspects of wood anatomy that have been overlooked by conven-
tional visual inspection.
Introduction
Trees grow over a long period, during which they record a large amount of information in
their xylem cells; their anatomical features depend mainly on genetic factors but are also
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affected by growth conditions. Wood anatomy was established by systematizing the xylem ana-
tomical features [1,2], which enables wood identification generally up to genus level. However,
it is hard to fully understand all the information in the xylem structure just by visual inspection
and the accumulation of knowledge and experience.
Computer vision approaches have been developing rapidly, allowing us to analyse a vast
amount of data and information. In addition, image recognition techniques have been recently
applied to wood images for automated identification [3–15]. Moreover, specialized tools for the
image analysis of wood anatomy have also been developed by several research groups [16,17]
and a company (WinCell, Regent Instruments Inc.). Their main aim is to quantitatively measure
some anatomical features, such as cell wall thickness and the number of cells [18], as opposed to
the conventional method based on visual inspection, which is more or less subjective.
In contrast, our research group investigates the use of image recognition for wood identifi-
cation using a detailed analysis of the relationships between the computed features and wood
anatomy [19,20]. Although the computed features do not correspond directly to specific ana-
tomical features, they should somehow be related to each other. In fact, our previous studies
have indicated such relationships. In particular, the scale-invariant feature transform (SIFT)
algorithm detected features that are usually ignored in conventional wood anatomy, such as
cell corners, and treated them as important features for wood identification [19].
The family Fagaceae, which includes beech trees and oak trees, is distributed widely in the
Northern Hemisphere and has a wide variety of species. Their anatomical features are also
diverse. One of the prominent classification systems for wood anatomy is porosity, and species
may be ring-porous, diffuse-porous, or radial-porous (which is diffuse-porous in a broad
sense; [1]). The family Fagaceae covers all types of porosity, even within the native species in
Japan. These anatomical features are not necessarily related to evolution based on molecular
phylogeny. Among the species of Fagaceae in Japan, for example, there are at least two major
discrepancies between molecular phylogeny and anatomy. A molecular phylogeny study indi-
cated that the groups Cerris and Ilex of Quercus are closely related [21–23], whereas group Ilex
is more similar to group Cyclobalanopsis of Quercus according to porosity. Another example
is Lithocarpus, which is also similar to group Cyclobalanopsis of Quercus based on the anatom-
ical features, although they are different at genus level.
In the present study, we used two different methods for feature extraction: the SIFT algo-
rithm and connected-component labelling. As described above, we have already shown that
SIFT features are a useful tool for extracting the wood anatomy. SIFT features are calculated
based on the gradients around the keypoints, which means that this method extracts the
information about shapes in an image. Because SIFT detects scale-invariant features, we
extract information about size using another method called connected-component label-
ling. This method simply detects the connected regions in binarized images. We calculate
the size distribution of the connected regions, i.e. the lumen of cells in the wood anatomy
by connected-component labelling. The present study focuses on the relationships between




The species from Fagaceae used to create the dataset are listed in Table 1. Eighteen species
from five genera are included and further divided into eight taxa. The images were obtained
from at least three individuals of each species. All the specimens were supplied from the Xylar-
ium in Kyoto University (S1 Table).
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Image acquisition. Transverse sections were cut by a sliding microtome (TU-213,
Yamato Kohki Industrial, Saitama, Japan) from wood blocks roughly 1 cm × 1 cm × 1 cm in
size. The sections were then observed using an optical microscope (BX51, Olympus, Tokyo,
Japan) equipped with a CCD camera (DP72, Olympus, Japan). The images were captured at
low magnification using a 2 × (0.08NA) objective lens (PlanApo, Olympus, Japan), so that the
images covered large areas. The original images were 4,800 × 3,600 pixels in size with a resolu-
tion of 0.74 μm/pixel. Several images were obtained from one section without overlapping
neighbours.
Image pretreatment. The original images were cropped to a square (3,600 × 3,600 pixels)
and converted to 8-bit grey scale. Typical images for each species are shown in S1 Fig. Note
that we expected all the images to include more than one annual ring, but the observed area
(2.7 × 2.7 mm2) was not large enough for some specimens. The image size was reduced step-
wise from the original to 112 × 112 pixels using bilinear interpolation.
Computation procedure
The computation procedure is summarized in Fig 1. The feature vectors were calculated using
the two analysis methods, SIFT algorithm and connected-component labelling, followed by
dimensional reduction by linear discriminant analysis (LDA). Two sets of 17-dimensional fea-
ture vectors, referred to as SIFT-LDA and CC-LDA, respectively, were used for classification
and hierarchical clustering. All the programs were written in Python 3.5.2 (Python Software
Foundation, https://www.python.org/) using the OpenCV [24], NumPy [25], SciPy [26], and
Scikit-learn [27] libraries, except for connected-component labelling, which was written in R
3.4.2 [28] using the tiff [29] and wvtool [30] libraries.
Table 1. Wood species used in the present study.
Taxon deciduous / evergreen wood anatomya Individualsb Imagesc
Fagus crenata Fagus deciduous diffuse-porous 13 225
Fagus japonica 10 180
Castanea crenata Castanea ring-porous 14 177
Castanopsis cuspidata Castanopsis 11 148
Castanopsis sieboldii 11 150
Quercus crispula Quercus 15 266
Quercus dentata group Quercus 4 39
Quercus serrata 11 116
Quercus acutissima group Cerris 9 109
Quercus variabilis 7 51
Quercus phillyraeoides group Ilex evergreen (semi-ring-porous)d 11 87
Quercus acuta group Cyclobalanopsis radial-porous 13 143
Quercus gilva 9 109
Quercus glauca 12 132
Quercus myrsinifolia 10 168
Quercus salicina 13 188
Lithocarpus edulis Lithocarpus 9 99
Lithocarpus glaber 3 59
a Type of porosity
b The number of specimen from which the images were collected
c The number of images used for analyses
d Q. phillyraeoides has semi-ring-porous wood (Noshiro & Sasaki, 2011), but the vessels are arranged in radial pattern as radial-porous wood.
https://doi.org/10.1371/journal.pone.0220762.t001
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Calculation of image features
SIFT algorithm. The SIFT algorithm was implemented using the OpenCV library. The
default parameters proposed by Lowe [31], namely, the number of layers in each octave (nOc-
taveLayers = 3), size of the Gaussian filter applied to the image of each layer (σ = 1.6), contrast
threshold (ct = 0.06), and edge threshold (et = 10) were used in the calculation. The SIFT
descriptors were summed for all the keypoints in an image and normalized by dividing by the
total number of keypoints.
Connected component labelling. The images were binarized with a threshold of 180,
which was determined empirically. The connected component labelling was implemented by
the wvtool R library with a 4-connected neighbourhood. The square root of the area was calcu-
lated for each component and the logarithm was then taken. A histogram of the labelled pore
sizes was created based on the obtained values with a bin width of 0.1. The logarithm of the fre-
quency for each bin was used as the feature vector.
Dimensional reduction
Dimensional reduction was carried out with LDA using the Scikit-learn library. Because LDA
reduces the number of dimensions to one less than the number of classes, the feature vectors
obtained from SIFT and pore size distributions were each reduced to 17 dimensions.
Classification
Classification of Fagaceae species was performed with the three classifiers: a k-nearest neigh-
bour (k-NN) algorithm with k = 9, logistic regression, and a support vector machine (SVM)
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Fig 1. Schematic diagram of the computational procedure.
https://doi.org/10.1371/journal.pone.0220762.g001
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with a linear kernel. All the classifiers were implemented by the Scikit-learn library with the
default parameters. All the data were randomly divided into test and training sets with a ratio
of 1:4. The classifiers were trained with the training set and then followed with a prediction on
the test set to calculate the accuracy. The classification was repeated 10 times with different
sets of test and training data.
Hierarchical clustering
Hierarchical clustering was carried out using Ward’s method, implemented by Scikit-learn.
The hierarchy of the clusters is shown as a dendrogram to represent the numerical distances
between the images.
k-Means clustering of keypoints
The k-Means clustering algorithm was applied to the keypoints detected in the images of seven
selected species. The number of clusters (k) was determined as 18 empirically. At this number
of clusters, the compositions of the clusters reflect clear species-specificity. The clusters were
further divided into five subgroups by hierarchical clustering.
Results
Classification accuracies
The feature vectors were calculated using the two computer vision methods, SIFT algorithm
and connected-component labelling, followed by dimensional reduction by linear discrimi-
nant analysis (LDA). Two sets of 17-dimensional feature vectors, referred to as SIFT-LDA and
CC-LDA, respectively, were used for classification. The prediction accuracies for different
image sizes are shown in Fig 2A. When the images are the original image size, i.e. they have a
resolution of 0.74 μm/pixel, the species-level identification of Fagaceae using SIFT-LDA fea-
tures was quite accurate; the predicted accuracies were 95.3%, 92.0%, and 93.1% for the k-NN,
logistic regression, and SVM classifiers, respectively. Although the accuracies slightly
decreased as image size decreased, they remained basically unchanged down to an image size
of 600 × 600 pixels. Below this size, however, the accuracies decreased steeply. The enlarged































Fig 2. Effect of resolution on image analysis. (a) Changes in the accuracy of classification with decreasing image size. The error bar shows the
standard deviation. (b) Examples of images for various image sizes corresponding to the arrows in (a). The images are an enlarged part of an
image of C. crenata.
https://doi.org/10.1371/journal.pone.0220762.g002
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walls and lumens are barely distinguishable in the image 600 × 600 pixels in size, whereas the
small cell lumens disappear in the image 450 × 450 pixels in size.
The classification accuracies were also calculated using CC-LDA. Because of the long com-
putation time and the difficulty of proper binarization of large and small images, only the
image sizes of 900 × 900, 720 × 720, and 600 × 600 pixels were tested. Although the accuracies
were not as high as those calculated with SIFT-LDA, the accuracies were more than 80% when
using SVM or k-NN as a classifier. There were no differences among three image sizes. An
image size of 600 × 600 pixels was sufficient to detect the cell lumens. Hence, we use this size
of images for further analyses.
Hierarchical clustering
We carried out a hierarchical clustering of all the images to understand the relationships
between species based on the calculated numerical distances (Fig 3). When the features of
SIFT-LDA were used, most of the images formed clusters at taxon-group level (Fig 3A). The
main clusters were separated according to the three porous types: diffuse-porous, ring-porous,
and radial-porous. However, the group Cerris, which is ring-porous, was nested in the cluster
of radial-porous wood. Moreover, the cluster of group Cerris was placed in the same cluster as
group Ilex. Surprisingly, this is consistent with molecular phylogenic studies [21–23]. The den-
drogram also showed the close relationship of Lithocarpus to group Ilex and group Cerris,
which does not reflect the phylogeny. However, Lithocarpus is clearly separated from group
Cyclobalanopsis, indicating that there are clear differences in the anatomical features of Litho-
carpus and group Cyclobalanopsis based on the features extracted by SIFT.
Just as the accuracies predicted using CC-LDA were lower than those predicted using
SIFT-LDA, the dendrogram of CC-LDA was less organized; for example, group Cyclobalanop-
sis was divided into two groups, one of which is closer to Lithocarpus. However, there was still
an interesting relationship in common with the dendrogram of SIFT-LDA: the similarity
between groups Ilex and Cerris. Group Cerris was again nested in the radial-porous cluster
with group Ilex.
Clustering analysis of keypoints
A clustering analysis of keypoints was performed to understand the differences between taxon
groups detected by the SIFT algorithm. Due to the limitations of computer memory, seven spe-
cies were selected for the analysis.
The results of the clustering analysis are shown in Fig 4. The 18 clusters were divided into
five subgroups based on the centroids of each cluster (Fig 4A), which seemed to correspond to
simple local features such as corners, lines, and the centres of circles (Fig 4C). In contrast,
minor differences among the clusters within a subgroup are hard to explain in simple words.
However, some of the clusters show clear differences in composition, indicating species-spe-
cific features. The dendrograms exhibit two interesting results; hence, we focused on the fol-
lowing features: common features of Q. accutissima and Q. phillyraeoides, and features specific
to L. edulis.
Fig 5A shows the specific features common to both Q. accutissima and Q. phillyraeoides.
Cluster 18, which is included in the subgroup of curved lines, was mainly located on the
periphery of small vessels. Although the other species also have small vessels, the additional
keypoints of cluster 18 can be explained using two factors: frequency and the type of adjacent
cells. The frequency of small vessels is lower in Q. acuta, which is consistent with a previous
report [32]. The frequency of small vessels in Q. crispula seems to be the same or larger than
that of Q. accutissima and Q. phillyraeoides, but many of them were not detected as the
Anatomical features of wood statistically extracted by computer vision approaches
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keypoints of cluster 18. Most of the small vessels in Q. crispula are surrounded by parenchyma
with thin cell walls, which results in a local gradient that is different from the vessels with thick
cell walls. In contrast, the keypoints in cluster 12 and 13 were mainly detected on the paren-
chyma. The difference with respect to other species can explained by the same reason as that
for the small vessels; there are many parenchyma with strong borders in Q. accutissima and Q.
phillyraeoides.
L. edulis showed a major feature in cluster 16 that is different from the others (Fig 4B); thus,
the keypoints in cluster 16 can be visualized as shown in Fig 5B. Most of the keypoints are
located on the uniseriate rays. However, there is no significant difference in the frequency of
the uniseriate rays of Q. acuta and L. edulis. The cell walls of fibres in Q. acuta are thick with
few cell lumens, resulting in a low contrast between the fibre area and ray parenchyma, which
are filled with cell contents. Therefore, a specific feature of L. edulis can be described as fibre
cell walls that are thinner than those of other species.
Castanea (157/174)
Castanopsis (265/267)
group Quercus (408/459)group Cerris (234/238)
group Ilex (86/87)
Lithocarpus (148/150)






Fagus (405/405) group Cyclobalanopsis






Q. gilva, Q. glauca (226/251)


























Fig 3. Hierarchical clustering of all the images using the features of (a) SIFT-LDA and (b) CC-LDA. The labels show
the dominant taxon groups in the clusters. The numbers in parentheses indicate the number of dominant taxon groups
per total number of groups in a cluster.
https://doi.org/10.1371/journal.pone.0220762.g003
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Pore size distribution
The pore size distributions obtained by connected-component analysis are summarized in Fig
6. The species with the same taxon groups show similar distribution patterns. However, the
distribution of Q. dentata was different from those of the other two species in group Quercus.
Although there were fewer images for Q. dentata than for the others, the result suggests a clear
difference in the anatomical features. In fact, Q. dentata was classified into a different section
by Camus [33] based on the foliar and fruit characteristics. The slight differences among the
same taxon groups also provide accurate information of the anatomical features. For example,
the peaks around 100–200 μm in the species with radial-porous wood indicate the vessels, and
the pore-distribution peaks of Q. gilva are slightly shifted to the right, indicating larger pores.
This result is consistent with a previous report [32] that stated that Q. gilva has large vessels
over 200 μm in diameter.
The closeness of groups Cerris and Ilex is supported by the pore size distribution. Except
for the peaks of group Cerris at around 200–400 μm, which correspond to the large vessels in
the pore zone, the distribution patterns of the groups Cerris and Ilex are almost the same.
Combined with the results from SIFT analysis, the latewood zone of the ring-porous group
Cerris and the whole zone of semi ring-porous group Ilex are very similar in terms of both the
shape and size of the elements.

















Quercus crispula (group Quercus)
Quercus acutissima (group Cerris)
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Fig 4. Comparison of the compositional ratio of the features detected by the keypoints. The keypoints in the
images of seven species are clustered into 18 groups by k-means. (a) Hierarchical clustering of the centroids of 18
groups. The 18 groups were further divided into five subgroups. (b) Composition ratios of the 18 groups for each
species. The numbers on the right indicate the average number of keypoints per image. (c) An enlarged part of an
image of Q. crispula with the keypoints classified in each subgroup. The images show that each subgroup roughly
corresponds to some shape feature and anatomical element.
https://doi.org/10.1371/journal.pone.0220762.g004
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The difference in the thickness of the fibre cell walls of group Cyclobalanopsis and Lithocar-
pus indicated by SIFT analysis is also detected by connected-component labelling. The fre-
quency of pores at a diameter of around 10 μm for Lithocarpus is higher than those of group
Cyclobalanopsis, which means that they have more lumens that can be detected in the binar-
ized images. Although the other size ranges were almost the same, this difference in pore size
enabled the analysis to distinguish the two taxon groups.
Discussion
Information available from SIFT and connected-component labelling
The SIFT algorithm and connected-component labelling basically provide shape and size
information, respectively, as mentioned in the introduction. However, the features extracted
by the SIFT algorithm in the present study also include some information about size because
Fig 5. Taxon-specific features based on keypoint clustering. (a) Keypoints included in the clusters that occurred more often in both Q. acutissima
and Q. phillyraeoides than in other species. (b) Keypoints in the cluster that occurred significantly more in L. edulis than in other species.
https://doi.org/10.1371/journal.pone.0220762.g005
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of the resolution that we used. Small elements like fibres are blurred at that resolution, which
enables the discrimination of elements below a certain size by the gradient-based feature. Note
that the connected components did not completely detect the actual cell lumens, because sim-
ple binarization did not separate cell walls and cell lumens perfectly; it often filled in small cell
lumen or missed thin cell walls. Nevertheless, the pore size histogram in log–log scale repre-
sents the specific species efficiently.
Both SIFT and connected-component labelling discard positional information, which
means that information that is important for conventional wood anatomy, such as vessel
arrangement, was ignored. It is interesting that simple information on the shape or size of the
elements in the images is enough to describe the specific species of wood if the information is
obtained statistically from the whole image. The methods that include positional information,
such as convolutional neural networks, which will be investigated as one of our next tasks,
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parenchyma cells
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Fig 6. Comparison in the distribution of pore size. The data reported for each species are the averages of all images.
The bars below indicate the size of various cell lumens.
https://doi.org/10.1371/journal.pone.0220762.g006
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Potential for applying the computer vision approach to wood anatomy
The subjective analysis of humans generally places more weight on prominent elements, such
as large and rare ones, but the features computed from images have different characteristics.
Consequently, the computer vision approaches can uncover hidden or neglected features in
wood anatomy that are related to some information included in the structure; i.e. evolution in
the present study. Many computer vision approaches are currently available; thus, there are
many possibilities for detecting features and their related properties. Because a surplus of
information readily leads to misinterpretation, we should treat them carefully and complement
our analysis with knowledge from conventional wood anatomy. Nevertheless, we expect that
computer vision and information science will deepen our understanding of wood anatomy
and related fields.
Conclusion
We applied computer vision approaches to optical micrographs of Fagaceae wood. Since the
main aim of this work is to understand what computers recognize as taxon-specific features,
we selected two basic methods with simple theories: SIFT and connected component labelling.
The classification models using these image features showed the enough accuracies at species
level, indicating that the methods extracted the specific features efficiently.
The hierarchical clustering based on the image features showed that the clustering structure
was basically consistent with the type of porosity: ring-porous, diffuse-porous, and radial-
porous. However, there were two major contradictions with the porosity: the closeness
between group Cerris and group Ilex, and the separation between group Cyclobalanopsis and
genus Lithocarpus. Interestingly, these relationships were consistent with the evolution based
on the molecular phylogenetics.
To understand why the computer vision methods provided the above-mentioned results,
we carried out further analyses; for SIFT algorithm, the keypoints were clustered into groups
and the keypoints in the taxon-specific groups were visualized; for connected component
labelling, the differences and/or similarities in the size distribution of the cells were examined
based on the log-log histogram. Although the group Cerris is ring-porous wood, the latewood
zone is quite similar with the radial-porous (or semi-ring-porous) group Ilex. On the other
hand, the specific feature of Lithocarpus was the thin cell walls of the fibers.
Bioinformatics has been attracting much attentions, leading to a rapid development in
molecular phylogenetics. In contrast, relatively few studies have applied informatics
approaches in the morphogenetic field. More morphological information should be collected
to understand the relationships with the molecular information. We believe that our findings
will promote the use of computer vision and information science for wood anatomy or other
morphogenetic studies.
Supporting information
S1 Fig. Typical images of each species in dataset.
(TIF)
S1 Table. List of specimens used in the present study. All the specimens were supplied from
the Xylarium in Kyoto University (KYOw).
(DOCX)
Anatomical features of wood statistically extracted by computer vision approaches
PLOS ONE | https://doi.org/10.1371/journal.pone.0220762 August 12, 2019 11 / 13
Acknowledgments
The authors thank Professor Hiroaki Kawashima, Department of Intelligence Science and
Technology, Graduate School of Informatics, Kyoto University, for his useful advice through-
out this study. The authors also thank Ms. Izumi Kanai for preparation of the micrographs.
We thank Kimberly Moravec, PhD, from Edanz Group (www.edanzediting.com/ac) for edit-
ing a draft of this manuscript.
Author Contributions
Data curation: Takahiro Kegasa.
Investigation: Kayoko Kobayashi, Takahiro Kegasa, Sung-Wook Hwang, Junji Sugiyama.
Methodology: Kayoko Kobayashi, Takahiro Kegasa, Sung-Wook Hwang, Junji Sugiyama.
Supervision: Junji Sugiyama.
Writing – original draft: Kayoko Kobayashi.
Writing – review & editing: Junji Sugiyama.
References
1. IAWA Committee. IAWA list of microscopic features for hardwood identification. IAWA Bull N S. 1989;
10: 219–332.
2. Committee IAWA. IAWA list of microscopic features for softwood identification. IAWA J. 2004; 25: 1–
70.
3. Martins J, Oliveira LS, Nisgoski S, Sabourin R. A database for automatic classification of forest species.
Mach Vis Appl. 2012; 24: 567–578. https://doi.org/10.1007/s00138-012-0417-5
4. Yadav AR, Anand RS, Dewal ML, Gupta S. Analysis and classification of hardwood species based on
Coiflet DWT feature extraction and WEKA workbench. IEEE; 2014. pp. 9–13. https://doi.org/10.1109/
SPIN.2014.6776912
5. Yadav AR, Dewal ML, Anand RS, Gupta S. Classification of hardwood species using ANN classifier.
IEEE; 2013. pp. 1–5. https://doi.org/10.1109/NCVPRIPG.2013.6776231
6. Yadav AR, Anand RS, Dewal ML, Gupta S. Multiresolution local binary pattern variants based texture
feature extraction techniques for efficient classification of microscopic images of hardwood species.
Appl Soft Comput. 2015; 32: 101–112. https://doi.org/10.1016/j.asoc.2015.03.039
7. Yusof R, Khalid M, Khairuddin ASM. Fuzzy logic-based pre-classifier for tropical wood species recogni-
tion system. Mach Vis Appl. 2013; 24: 1589–1604. https://doi.org/10.1007/s00138-013-0526-9
8. Wang B-H, Wang H-J, Qi H-N. Wood recognition based on grey-level co-occurrence matrix. Taiyuan:
IEEE; 2010. pp. V1–269–V1–272. https://doi.org/10.1109/ICCASM.2010.5619388
9. Wang H-J, Zhang G-Q, Qi H-N. Wood recognition using image texture features. Wu R, editor. PLoS
ONE. 2013; 8: e76101. https://doi.org/10.1371/journal.pone.0076101 PMID: 24146821
10. Wang H-J, Qi H-N, Wang X-F. A new Gabor based approach for wood recognition. Neurocomputing.
2013; 116: 192–200. https://doi.org/10.1016/j.neucom.2012.02.045
11. Yusof R, Rosli NR, Khalid M. Using Gabor filters as image multiplier for tropical wood species recogni-
tion system. Cambridge: IEEE; 2010. pp. 289–294. https://doi.org/10.1109/UKSIM.2010.61
12. Pan S, Kudo M. Recognition of porosity in wood microscopic anatomical images. Advances in Data Min-
ing Applications and Theoretical Aspects. Berlin, Heidelberg: Springer Berlin Heidelberg; 2011. pp.
147–160. https://doi.org/10.1007/978-3-642-23184-1_12
13. Khalid M, Lee E, Yusof R, Nadaraj M. Design of an intelligent wood species recognition system. Int J
Simul Syst Sci Technol. 2008; 9: 9–19.
14. Hafemann LG, Oliveira LS, Cavalin P. Forest species recognition using deep convolutional neural net-
works. IEEE; 2014. pp. 1103–1107. https://doi.org/10.1109/ICPR.2014.199
15. Martins JG, Oliveira LS, Britto AS Jr, Sabourin R. Forest species recognition based on dynamic classi-
fier selection and dissimilarity feature vector representation. Mach Vis Appl. 3rd ed. Springer Berlin Hei-
delberg; 2015; 26: 279–293. https://doi.org/10.1007/s00138-015-0659-0
Anatomical features of wood statistically extracted by computer vision approaches
PLOS ONE | https://doi.org/10.1371/journal.pone.0220762 August 12, 2019 12 / 13
16. Arx von G, Carrer M. ROXAS–A new tool to build centuries-long tracheid-lumen chronologies in coni-
fers. Dendrochronologia. 2014; 32: 290–293. https://doi.org/10.1016/j.dendro.2013.12.001
17. Brunel G, Borianne P, Subsol G, Jaeger M, Caraglio Y. Automatic identification and characterization of
radial files in light microscopy images of wood. Annals of Botany. 2014; 114: 829–840. https://doi.org/
10.1093/aob/mcu119 PMID: 24989783
18. Arx von G, Crivellaro A, Prendin AL,Čufar K, Carrer M. Quantitative wood anatomy-practical guidelines.
Front Plant Sci. 2016; 7: 781. https://doi.org/10.3389/fpls.2016.00781 PMID: 27375641
19. Hwang S-W, Kobayashi K, Zhai S, Sugiyama J. Automated identification of Lauraceae by scale-invari-
ant feature transform. J Wood Sci. 2017; 64: 69–77. https://doi.org/10.1007/s10086-017-1680-x
20. Kobayashi K, Hwang S-W, Lee W-H, Sugiyama J. Texture analysis of stereograms of diffuse-porous
hardwood: identification of wood species used in Tripitaka Koreana. J Wood Sci. 2017; 63: 322–330.
https://doi.org/10.1007/s10086-017-1625-4
21. Deng M, Jiang X-L, Hipp AL, Manos PS, Hahn M. Phylogeny and biogeography of East Asian evergreen
oaks (Quercus section Cyclobalanopsis; Fagaceae): Insights into the Cenozoic history of evergreen
broad-leaved forests in subtropical Asia. Mol Phylogenet Evol. 2018; 119: 170–181. https://doi.org/10.
1016/j.ympev.2017.11.003 PMID: 29175095
22. Yan M, Xiong Y, Liu R, Deng M, Song J. The application and limitation of universal chloroplast markers
in discriminating east Asian evergreen oaks. Front Plant Sci. Frontiers; 2018; 9: 569. https://doi.org/10.
3389/fpls.2018.00569 PMID: 29868047
23. Denk T, Grimm GW. The oaks of western Eurasia: Traditional classifications and evidence from two
nuclear markers. Taxon. International Association for Plant Taxonomy; 2010; 59: 351–366.
24. Itseez. Open source computer vision library. [Internet]. Available: http://opencv.org/
25. van der Walt S, Colbert SC, Varoquaux G. The NumPy array: a structure for efficient numerical compu-
tation. Computing in Science & Engineering. IEEE Computer Society; 2011; 13: 22–30. https://doi.org/
10.1109/MCSE.2011.37
26. Jones E, Oliphant T, Peterson P. SciPy: Open source scientific tools for Python [Internet]. Available:
http://www.scipy.org/
27. Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, et al. Scikit-learn: machine learn-
ing in Python. Journal of Machine Learning Research. 2011; 12: 2825–2830.
28. R Core Team. R: A language and environment for statistical computing [Internet]. Vienna, Austria;
2016. Available: https://www.R-project.org/
29. Urbanek S. tiff: Read and write TIFF images [Internet]. 2013. Available: https://CRAN.R-project.org/
package=tiff
30. Junji Sugiyama, Kobayashi K. wvtool: Image tools for automated wood identification [Internet]. 2016.
Available: https://CRAN.R-project.org/package=wvtool
31. Lowe DG. Object recognition from local scale-invariant features. Proceedings of the Seventh IEEE
International Conference on Computer Vision. 1999. https://doi.org/10.1109/ICCV.1999.790410
32. Noshiro S, Sasaki Y. Identification of Japanese species of evergreen Quercus and Lithocarpus (Faga-
ceae). IAWA Bull N S. BRILL; 2011; 32: 383–393. https://doi.org/10.1163/22941932-90000066
33. Camus A. Les chênes. Monographie du genre Quercus et monographie du genre Lithocarpus. Encyclo-
pe´die Economique de Sylviculture, Vol. VI, VII, VIII. 1936.
Anatomical features of wood statistically extracted by computer vision approaches
PLOS ONE | https://doi.org/10.1371/journal.pone.0220762 August 12, 2019 13 / 13
